Increasing the number of science, technology, engineering, and mathematics (STEM) degrees is a major federal education priority. I investigate whether providing a $4,000 financial incentive to low-income students in their junior and senior years of college induces them to major in a STEM field. Using administrative data from Ohio public colleges, I exploit a discontinuity in income eligibility for the National SMART Grant on the pursuit of science majors. Regression discontinuity results indicate financial incentives do not encourage students at the threshold of eligibility to choose STEM majors in their junior year. The null findings are fairly precise, ruling out modest, policy relevant effects for students near the Pell Grant eligibility threshold. I examine several potential explanations of this null result and argue that federal policy makers could improve the design of the program by creating the financial incentive earlier in students' educational careers.
INTRODUCTION
There are both private and public returns to science, technology, engineering, and mathematics (STEM) degrees. Working in a STEM field leads to increased likelihood of employment and higher earnings for individuals (Langdon et al. 2011) . At the public level, the National Science Board advocates for an increased federal focus on maintaining the United States' dominance in innovation and scientific discovery and suggests "a high-quality, diverse, and adequately sized workforce . . . is crucial to our continued leadership and is therefore a vital federal responsibility" (Crosby and Pomeroy 2004, p. 22) . The National Science Board continues by pointing to a lack of growth in the number of science and engineering bachelor's degrees granted in the United States throughout the 1990s and early 2000s even while competition for science talent is growing globally.
Because of the high demand for STEM degrees and positive labor market outcomes associated with STEM fields, we might expect students to flock to STEM majors in college. Yet that labor demand is not being met by student supply. A variety of factors may explain why students do not pursue science disciplines, including a preference for other fields, a lack of adequate academic preparation, or being unaware of or heavily discounting future earnings of STEM majors. These fields require increased hours of work and higher degrees of difficulty relative to non-STEM majors, and the potential for lower college grade point averages (GPAs) associated with STEM majors may lead students to worry about lower chances of admission to graduate school or future career opportunities.
To overcome these concerns, capable students may need additional motivation during their collegiate years to pursue majors in the sciences. Financial incentives are one such motivational tool, and this paper empirically tests whether financial incentives received during college increase the pursuit of STEM majors among eligible students. Specifically, it investigates whether the National Science and Mathematics Access to Retain Talent (SMART) Grant improves the probability of postsecondary students majoring in science. The program provides low-income students financial incentives of $4,000 in each of an undergraduate's third and fourth years of study if they major in a STEM discipline. 1 To the extent that financial incentives increase the number of students graduating with degrees in the sciences, the SMART Grant could be a valuable lever to encourage additional human capital investment in scientific knowledge.
By exploiting the Expected Family Contribution (EFC) eligibility requirement to receive a SMART Grant, the paper uses a regression discontinuity analysis to assess the student response to the financial incentive. I use the EFC of juniors to estimate the effect of program eligibility on selection of a STEM major when the financial award is distributed at the beginning of the junior year. The identifying assumption of the regression discontinuity approach is that the potential outcomes of individuals choosing a STEM major are continuous across the EFC eligibility threshold. Essentially, the approach assumes juniors close to the EFC threshold are randomly conferred eligibility for the grant and no other variables change sharply at the cutoff. I discuss this 1. There is some debate over the exact definition of a STEM major or field. For the purpose of this paper, I take all of the majors eligible under the federal SMART Grant program as STEM majors. Choy et al. (2011) list the complete set of eligible majors.
assumption in greater depth later in the paper. Although regression discontinuity identifies a causal estimate of the program, it does so only near the eligibility threshold. Hence, I am limited to making causal inferences about the program to students who are low-middle income and just eligible for the program, and cannot generalize the findings to the lowest-income students who are receiving full-value Pell Grants (the federal government's college grant program for low-income students).
To estimate the effect the discontinuity in eligibility on STEM major selection, I use administrative, student-level panel data from all of the main branch campuses of public universities in Ohio. These data provide a large enough sample for a regression discontinuity approach and contain enough academic and financial details to accurately measure the qualifying criteria.
I find small, statistically insignificant results of eligibility for the financial grant on selecting a STEM major suggesting that students are not responding to the financial incentive. Both parametric linear and local linear regression discontinuity models rule out positive effects larger than about 2.5 percentage points.
This study contributes to the literature in two important ways. First, it is a causal analysis, evaluating a federal financial aid policy intended to increase the number of STEM bachelor degrees. Second, it provides additional empirical evidence on the factors related to college major selection. The process by which students select a college major has garnered recent attention in the literature with evidence that students choose majors based on their expected earnings (Montmarquette, Cannings, and Mahseredjian 2002; Arcidiacono, Hotz, and Kang 2012) , their perceived and actual ability in the major (Stinebrickner and Stinebrickner 2011) , and the consumption value of the major while in college (Beffy, Fougère, and Maurel 2012) . Although Stange (2015) demonstrates that students studying engineering and business are sensitive to differential tuition pricing, there is little evidence on whether financial aid can motivate students to select certain majors. This study begins to fill that gap in the literature by providing a causal estimate of the impact of a large financial incentive on major choice realized during the junior year.
The paper is organized as follows. Section 2 provides background on the national SMART Grant. Section 3 discusses the prior literature related to college major selection. Section 4 lays out the empirical strategy. Section 5 summarizes the data, and section 6 provides results. I discuss the findings and extensions to the results in section 7 and conclude in section 8.
NATIONAL SMART GRANT
In their policy report to the U.S. Department of Education, Choy et al. (2011) describe the National SMART Grant in detail. The grant was authorized by the Higher Education Reconciliation Act of 2005 to promote undergraduate majors in programs deemed nationally critical. It began in the 2006-07 academic year and ended in the 2010-11 academic year, and it provided $4,000 in each of an undergraduate's third and fourth years of baccalaureate education who studied one of a number of selected majors that were predominantly STEM fields. The other eligible majors were foreign languages.
Nationally, 62,400 students received the SMART Grant in the 2006-07 school year, the first year of the program. This represents approximately 5 percent of Pell Grant recipients in their third or fourth year, a number that remained stable in each subsequent year of the program (although the actual number of grant recipients in both programs increased slightly since 2006). During the first three years of the program, $610 million was awarded, far less than the congressionally authorized amount. The Department of Education notified by mail and e-mail those students who were financially eligible to receive the grant, but students still had to meet the nonfinancial criteria to receive the award.
A student was eligible to receive the SMART Grant if he met a variety of criteria, and eligibility was determined annually. Students had to be U.S. citizens and study full-time, although both of these requirements were relaxed as of the 2009-10 academic year. The more critical eligibility requirements were that a student must have a cumulative 3.0 college GPA and must be eligible to receive a Pell Grant. Pell Grant eligibility is determined by a complex formula that evaluates answers from the Free Application for Federal Student Aid (FAFSA) which every student must file with the U.S. Department of Education if he wants to receive federal financial aid, such as grants and subsidized loans. The FAFSA collects data on students' and parents' income and assets, as well as family size and the number of siblings in college. Answers from the FAFSA determine an EFC, which is the amount the federal government expects a family to contribute to college expenses. There is a strict threshold in the EFC distribution at which students below the threshold receive a Pell Grant and those above do not. The amount of the Pell Grant is determined by a step function of the EFC (the lower the EFC, the more Pell Grant a student receives). Any amount of Pell Grant eligibility is enough to make the student eligible to receive a SMART Grant. The SMART Grant award value does not depend on EFC; the student receives the full value if he enrolls full-time for the entire school year. The final requirement to receive a SMART Grant is that a student must have formally selected one of the eligible majors at his institution, and he must have made course progress in that major to have the grant renewed.
Students do not separately apply for the SMART Grant. If a student completes the FAFSA and is in the third or fourth year, the institutional financial aid office checks whether that student is enrolled in an eligible major and meets the other eligibility criteria. The financial aid office notifies the student of the award and disburses the money in the same way they disburse Pell Grant funds.
RELATED LITERATURE
The literature on major choice suggests that students consider several factors when selecting a college major, including their expected future income, ability in certain fields of study, the consumption value of the major, and monetary costs of the major while enrolled. Students must often make tradeoffs between enrolling in majors which they might find more difficult or time consuming but offer greater economic rewards.
Several papers show that students consider their future earnings along with their ability in that field when choosing which major to study. Results of a survey eliciting students' chosen major and alternative majors indicate that students consider their expected future earnings as well as their ability and the comparative advantage it bestows, in each major they consider (Arcidiacono, Hotz, and Kang 2012) . Montmarquette, Cannings, and Mahseredjian (2002) confirm that students evaluate both ability and future earnings but they find that future expected income drives major choice as the elasticity of major choice is greater with respect to future earnings than with respect to the probability of successfully completing college with that major. Ryoo and Rosen (2004) provide further evidence that students respond to career prospects and earnings when choosing to enter the engineering field.
Students also update their beliefs about their likelihood of succeeding in a major in response to new information about their own abilities gathered as they spend time taking coursework. Zafar (2011) longitudinally elicits students' predicted GPAs in their major and alternative majors to observe how new information about their academic performance changes their predicted success. He finds that students who receive GPAs much higher (lower) than their predictions alter their new prediction up (down). Stinebrickner and Stinebrickner's (2011) work supports Zafar's study by also concluding that a student's final major is the result of a learning process. Using a longitudinal survey to investigate changes in majors at Berea College, they find that many students who initially select science majors switch out of those majors in large part because of poor academic performance. Both studies find that poor academic performance is one of the primary reasons students switch majors, supporting the theory that in-college utility and ability drive major choice.
Other in-college factors also appear to affect choice of major. Stange (2015) uses the introduction of differential tuition charges across institutions to examine the effect of the price of a major on degree completion in that major. He finds that higher tuition and fees for engineering and business majors result in reduced engineering and business degrees, although the finding is not statistically significant for business majors. Beffy, Fougère, and Maurel (2012) rely on variation in earnings in the French labor market to discover that the elasticity of major choice with respect to future earnings, while statistically significant, is low. They conclude that measures associated with the consumption value of a major (such as enjoying the work in the major, parental approval of the major, etc.) while in college motivate students' major choice more than expected earnings. Both papers suggest that students respond to in-college considerations, both financial and nonmonetary.
Given that students respond to new information and that in-college utility impacts major choice, it is reasonable to suspect a financial incentive realized in college could alter a student's major. A direct financial benefit for selecting a certain major may induce a student who would not otherwise select that major to choose it.
Prior research has studied the ability of conditional financial incentives to alter nonmajor educational outcomes in a variety of contexts. Specific to higher education, randomized trials of performance-based scholarships have been shown to increase college enrollment, persistence, and credit accumulation (Richburg-Hayes et al. 2009 ) and grades among women (Angrist, Lang, and Oreopoulos 2009) . Additionally, Fryer (2011) examines field experiments in which primary and secondary school students received financial incentives for educational outcomes such as reading books and grades. There is also a large literature on conditional cash transfers in development economics using educational outcomes. This paper contributes to that literature by examining the impact of a conditional financial incentive on college major choice.
A potential puzzle is why any incentive is necessary to encourage the take-up of STEM majors as the labor market already pays a wage premium to STEM graduates.
There are two reasons a financial incentive may be necessary to encourage the study of STEM fields. First, as argued by Beffy, Fougère, and Maurel (2012) , students may overweigh their in-college utility relative to their future expected utility. Second, students may be credit-constrained and need to earn money while in college. The added time costs of a STEM major may reduce in-college earnings, and the grant may make up the difference. Evidence from the National Survey of Student Engagement shows that students studying engineering or physical sciences spend 19 and 18 hours, respectively, preparing for class, whereas students in education, social sciences, and business spend 15, 14, and 14 hours, respectively (NSSE 2011). These additional hours spent studying are, in part, supplanting hours worked for pay, as engineers spend 9 hours per week working for pay whereas social sciences students spend 13, and business majors spend 16. The SMART Grant potentially addresses both cases such that a financial incentive realized in college might encourage students to switch into a STEM major.
EMPIRICAL STRATEGY
I use a regression discontinuity design to obtain a causal estimate of the impact of a $4,000 financial incentive for college undergraduates to choose a STEM major. The treatment is eligibility to receive the financial incentives if a student chooses a STEM major, and the dependent variable is whether or not the student chooses a STEM major at the beginning of the junior year when he would receive the financial incentive. In accordance with program eligibility criteria, I restrict all analyses to U.S. citizens who are first-time full-time enrollees. The other two eligibility criteria, income and GPA, represent two potential continuous forcing variables and two cutoff thresholds that can be used to measure the treatment effect. I rely predominantly on the EFC-forcing variable and restrict the analyses to all students who meet the GPA eligibility criteria of 3.0.
2
To be eligible for a SMART Grant, students must be eligible to receive a Pell Grant. The EFC determines students' Pell Grant eligibility: Students with EFCs at or below an eligibility threshold were eligible to receive a Pell Grant (and therefore a SMART Grant if they met the other criteria), and students with EFCs strictly greater than the threshold were ineligible. I use junior year EFC and the junior year eligibility threshold as the grant first becomes available at the beginning of the junior year. For students who entered their junior year in the fall of 2008, the eligibility threshold is $4,041, and for students who entered their junior year in the fall of 2009 it is $4,617.
Attempting to alter EFC to gain access to the program is virtually impossible. The federal government calculates the EFC annually using a complex, opaque formula that accounts for parental and student income and assets, family size, and the number of siblings attending college. Data used in the formula to calculate EFC are derived from the prior year tax returns, but the threshold for eligibility changes based on congressional appropriations to the Pell program. Therefore, the threshold is not known at the time of filing the FAFSA, which reports the information required to calculate the EFC. This creates an EFC threshold for eligibility for the Pell Grant that can change annually.
2. Using GPA as a forcing variable is suspect because of manipulation. Unlike the EFC eligibility criteria, whose exact value was unknown when completing the FAFSA, the 3.0 GPA requirement was publicly announced. Students could have manipulated their class schedules and petitioned instructors for higher grades to just exceed the GPA eligibility threshold. Evidence of this manipulation exists in the density around the threshold as shown through the McCrary test (figure 2).
Below I formally test whether there is any evidence of manipulation in the EFC rating score. Because the treatment of interest is eligibility for the SMART Grant, and eligibility is completely determined by the program rules, this is a sharp regression discontinuity design. Financial aid offices at institutions of higher education do have the legal authority to alter a student's federal aid award through a process called professional judgment, but this process alters inputs on the FAFSA and is reflected in students' EFC, which is fully observed.
Following standard practice, I estimate the treatment effect using both parametric and nonparametric approaches (Lee and Lemieux 2010) . Both approaches offer the potential for bias (parametric because of an incorrect functional form over the whole data and nonparametric because of the potential for a local linear regression to ignore nonlinearities for observations close to the threshold). Using both methods serves as a robustness check on the findings. I utilize a linear and cubic model for the parametric approach and implement the leave-one-out cross-validation procedure suggested by Ludwig and Miller (2007) and Imbens and Lemieux (2008) to select the appropriate bandwidth for the nonparametric local linear regression analysis. In practice, both approaches use the same general estimation equation:
Individual students are indexed by i. The equation allows for separate functional forms f and g on either side of the discontinuity. For ease of interpretation, I fit linear probability models, as suggested by Angrist and Pischke (2009) , to estimate the effect on the binary outcome. EFC is centered at the junior year threshold for each cohort; therefore, the coefficient of interest is α 1 , which estimates the difference in the intercept at the threshold. I also include covariates to explain more of the variation in the outcomes to improve precision. I estimate several models including controls for students' race, gender, in-state residency status, parental education, and ACT scores. To ensure a consistent analytical sample, I drop observations with missing ACT scores and parental education. I also include campus dummies to account for differences in major availability and popularity across campuses.
I estimate two different outcomes. The first uses junior year EFC to estimate the impact of eligibility on STEM major choice at the beginning of the junior year when the financial incentive is actually disbursed. Second, I condition on students who began college with a STEM major and investigate whether eligibility for the financial incentive encourages them to persist in a STEM major into their junior year. Students who initially selected a STEM major signal their interest in the field and might be encouraged to continue in the STEM major by the grant. As STEM fields typically involve lower grades and longer hours studying, the financial incentive may motivate students with the initial interest and ability to persist in the field. It is also possible that students with high math ability are unequally affected by the grant, a possibility I return to in the discussion.
Each outcome relies on a different sample. The first uses students who began as a first-time full-time student at an Ohio public university and persisted to the junior year. The second outcome relies on a subset of the first sample to include only students who initially chose a STEM major in their freshman year and persisted to the junior year. The causal identification assumption is that these potential outcomes in the absence of the treatment are continuous across the threshold in the forcing variable (Bloom 2012) .
Equation 1 provides a causal estimate using one forcing variable but there is the potential to rely on both forcing variables because eligibility to receive the financial incentive in the junior year is contingent upon both EFC and GPA. As noted above, there is evidence of GPA manipulation among the full set of juniors, but this evidence disappears when restricting the sample to students who initially chose a STEM field upon enrollment. Hence, for the second outcome, I use a multiple forcing variable strategy.
Several papers discuss the estimation of regression discontinuity in the case of multiple forcing variables.
3 The threshold is no longer along a single dimension but is instead a two-dimensional boundary. There are two advantages of this estimation technique over conducting the analysis separately over two different thresholds. The first lies in sample size. Instead of dropping all of the observations that meet the EFC criterion and estimating the effect of the GPA threshold or vice versa, I simultaneously estimate the effect of being eligible on both forcing variables including all of the observations. Although not of any consequence to the current analysis, it is also possible to estimate how the impact of one forcing variable changes as a student becomes eligible on the other. I use Papay, Willett, and Murnane's (2011) sixteen-parameter estimation equation that includes a four-way interaction (and all lower order interactions) with both forcing variables and both binary eligibility indicators. The coefficient of interest is the interaction between the two eligibility indicators which estimates the additional effect of being eligible on both measures, and therefore eligible to receive the financial incentive, above the effect of being eligible on either one separately.
One downside of linking SMART Grant eligibility to that of the Pell Grant is that all students eligible to receive major dependent financial incentives also receive a small Pell Grant, but students just on the other side of the threshold do not receive a Pell Grant. 4 This means the regression discontinuity design is not a perfectly clean causal estimate of the effect of being eligible for financial incentives for STEM majors. Instead, it is the causal effect of eligibility for the STEM major incentive plus a small amount of Pell Grant aid. For the 2006 entering cohort, those just over the threshold for eligibility received $400 in Pell Grant aid. Because the $4,000 SMART Grant is so large relative to the small amount of Pell Grant received, I argue that it should dominate any observed effect.
DATA
The study relies on institutional data for all of the entering four-year college students in Ohio's thirteen public university main branch campuses. These administrative data are obtained directly from the Ohio Board of Regents (OBR). Data are available for all of 3. See Reardon and Robinson (2012) , Zajonc (2011), and Papay, Willett, and Murnane (2011) . 4. It is likely that some of the students eligible for the SMART Grant are also eligible to receive the Academic Competitiveness Grant (ACG), which was established concurrently with the SMART Grant. The ACG gives eligible students $750 in their first year and $1,300 in their second year of postsecondary study, but it does not provide any funds during the third and fourth years when they are eligible to receive SMART Grant funds. Hence, this does not bias the current results.
the first-time, full-time college students who began their enrollment in the fall of 2006 or 2007. The dataset contains term by term enrollment through the spring of 2010 for each student who remains in the state's system of public higher education. These longitudinal data allow for observation of junior year major selection for both cohorts. Institution of attendance, number of credits, and cumulative GPA are available in each term. Students at Ohio universities select a major upon initial matriculation (although they can select "undeclared") and can switch majors at any time. Important for the identification strategy, a student receives notification of the junior-year eligibility for the Pell Grant during the spring term of the sophomore year and could change majors prior to the beginning of the fall of the junior year in order to capture the SMART Grant. I observe each student's currently selected major at the beginning of each term. The reported majors are recorded as the exact Classification of Instructional Programs (CIP) code so that they can be matched precisely with SMART Grant eligible CIP codes (see Choy et al. 2011) . The OBR data also have demographic variables, ACT scores, and extensive financial information taken from the FAFSA. For each student who filed a FAFSA, the dataset provides the exact EFC which can be used to determine eligibility for the Pell Grant and therefore the SMART Grant. Unfortunately, the state does not record actual financial aid receipt but eligibility can be inferred precisely from the existing data and program regulations. Table 1 provides summary statistics. The sample contains approximately 24,000 first-time full-time entering students in each of the 2006 and 2007 cohorts who persisted in the Ohio public university system to their junior year. The students are slightly more likely to be female, as is common in higher education. Ohio has a low percentage of Hispanic and Asian students, so the sample is dominated by white and black matriculants. A little over half of the sample has a parent who graduated from college, and over 87 percent of students are Ohio residents. Approximately two-thirds of the students took the ACT. This number is lower than may be expected because some students took the SAT, whose data are not recorded by OBR, and a few of the institutions are open enrollment and therefore do not require the submission of test scores for admission. The average ACT score of 23.6 is above the national average of 21.1, reflecting the fact that higher scoring students are more likely to enroll in four-year colleges and persist into their junior year.
Over 60 percent of juniors applied for federal financial aid and have an average junior-year EFC of $14,800. Of those who filed a FAFSA, 29.8 percent were eligible to receive a Pell Grant. Their average cumulative GPA when they reach their junior year is 3.09. The eligibility restrictions of filing a FAFSA and having at least a 3.0 GPA in the junior year reduce the analytical sample to approximately 19,000 students.
Finally, the outcome of interest is whether students choose a STEM major in the junior year. Of the students remaining to the junior year, 19.6 percent choose a STEM field. The most popular non-science majors for students who reach their junior year are psychology, nursing, accounting, and marketing. The most popular STEM fields are biology, engineering, and zoology.
To provide context, a univariate regression of probability of STEM major on EFC over the entire range of data indicates that a $1,000 increase in EFC is associated with a highly significant 0.06 percentage point increase in the likelihood of choosing a STEM major at junior enrollment. If the range is restricted to EFCs below the mean of $14,800, the slope increases to 0.27 percentage points. As incomes rise, so does the probability of majoring in a STEM field, and this relationship is more pronounced at EFCs below $14,800.
RESULTS
This section first presents the regression discontinuity analysis of the effect of SMART Grant eligibility on junior major selection. I then examine the impact of the financial incentives on persistence in STEM majors among students who selected a STEM degree upon initial enrollment.
Major Choice at Junior Enrollment
Because the SMART Grant is first distributed to students in the junior year, I examine whether eligible students (using junior year EFC) are more likely to choose a SMART Grant-eligible major at that time. This analysis only includes students who persisted into the third year. This limitation is not a threat to internal validity, although it would limit the external validity of this analysis if the financial incentive were applied in the freshman or sophomore years. Notes: Each row is from a linear regression discontinuity model with a bandwidth of $500 of the covariate regressed on EFC centered at the eligibility threshold, an indicator for treatment, and the interaction of treatment and centered EFC using robust standard errors. N = 1,140 for covariates other than for the ACT outcomes; N = 933 for the ACT outcomes. * p ≤ 0.05.
Continuity of Baseline Covariates around the Threshold
One standard check of the validity of regression discontinuity as an estimation strategy is examining whether any baseline covariates exhibit a discontinuity at the eligibility threshold. I directly test this question through a local linear regression in the form of equation 1 using each baseline covariate as the outcome. I restrict the sample to include only observations within $500 of the eligibility threshold, although results are qualitatively similar using a $1,000 bandwidth. Table 2 reports these results. Only one of the twelve variables appears significantly different. Students on the treatment side of the threshold are 13 percentage points more likely to have a mother who completed college than students on the control side of the threshold. Controlling for parental education in the regression discontinuity analysis eliminates any bias associated with this difference. Given all of the other covariates demonstrate no discontinuity, this test suggests that proceeding with the analysis is justified.
Density of Forcing Variable around the Threshold
SMART Grant eligibility in the junior year rests on two continuous components: EFC eligibility and GPA eligibility. Figures 1 and 2 show the McCrary (2008) density tests for each of the potential forcing variables. Although the EFC variable exhibits a drop in density around the threshold, this occurs on both sides and shows no signs of manipulation. In contrast, the GPA variable does exhibit evidence of manipulation. More students are found just above the threshold for eligibility at a cumulative 3.0 GPA than just below it, indicating that some form of manipulation exists. 5 This evidence of
5. An alternative explanation to manipulation is that GPA is lumpy and large spikes exist at GPAs of 3.0 or 3.3 (B+). A histogram of GPAs from 2.5 to 3.5 demonstrates that the 3.0 bunching is anomalous, confirming the evidence of manipulation.
Note:
The density test reports density within a $2,000 range on either side of the centered threshold conditional on meeting the GPA-forcing variable threshold (GPA ≥ 3.0). Bin size is $45. manipulation precludes using the GPA measure as a forcing variable for the analysis, therefore, the analyses relies only on the EFC eligibility criterion while restricting the data to only those students who meet the GPA criterion.
Note: Bin size is $100. EFC is centered at the junior year eligibility ($4,041 for students who were juniors in 2008 and $4,617 for students who were juniors in 2009). 
Visual Inspection of Grant Eligibility Impact on Major Selection
Before turning to the regression results of equation 1, I first present visual evidence of any potential discontinuity of the effect of the financial incentive on students choosing an eligible major. To visually inspect whether a discontinuity exists around the threshold, figure 3 presents a scatter plot of the probability of majoring in a STEM field against the forcing variable centered at the threshold using a bin size of $100 to smooth the data and restricting the range to $2,000 around the threshold. Treated students (on the left of the figure) show a remarkably consistent likelihood of 19 percent of choosing a STEM major with no observable slope. The variance in probability of selecting a STEM major is greater for untreated students, with an intercept of 23.5 percent and a negative slope (although a regression demonstrates that the slope is not significantly different from zero). There is an observable, slight discontinuity at the threshold that suggests eligible students are actually less likely to major in a STEM field at junior enrollment. Given that regression discontinuity results are often sensitive to functional form, I test both linear and cubic relationships below, although an obvious nonlinear relationship is not apparent from figure 3.
Parametric Regression Analysis
I now turn to the regression results of fitting equation 1 and report results in tables 3 and 4. In contrast to the graphical analysis, which focuses on a range of data near the threshold, the parametric regression analysis uses all of the data on either side of the threshold to predict the limits of the intercept at the threshold from the left and the right. The difference in those two limits is the causal effect of eligibility on selection of a STEM major and is represented by the Eligible variable in the tables. Notes: The dependent variable is selecting a SMART Grant-eligible major at junior-year enrollment. Regression discontinuity results are linear probability models using the EFC discontinuity of $4,041 for juniors in 2008 and $4,617 in 2009 for all juniors with cumulative GPAs ≥ 3.0. Standard errors are clustered at the institution level and included in parentheses. The sample includes all students who were first-time students at the 13 main branch campuses of Ohio four-year public universities for the entering fall cohorts of 2006 and 2007 who enrolled full-time in their junior year, filed a FAFSA in the junior year, and are not missing ACT scores or parental income. * p ≤ 0.05; ** p ≤ 0.01; *** p ≤ 0.001. Table 3 reports results from five different linear models. In each model, the EFC is divided by 1,000 to make the results easier to interpret. For example, a $1,000 increase in EFC is associated with a 0.05 percentage point increase in the likelihood of selecting a STEM major at junior enrollment in model 1.
Model 1 reports the basic regression discontinuity model allowing for different linear trends on either side of the discontinuity. There is a positive point estimate of the effect, but it is small in magnitude and statistically indistinguishable from zero. Models 2-5 add demographic variables, ACT scores, and indicator variables for each campus. If the regression discontinuity assumption holds that only the treatment is Notes: The dependent variable is selecting a SMART Grant-eligible major at junior-year enrollment. Results are from regression discontinuity models around the EFC discontinuity of $4,041 for juniors in 2008 and $4,617 in 2009 using a linear probability model for all juniors with cumulative GPAs ≥ 3.0. The sample includes all students who were first-time students at the 13 main branch campuses of Ohio four-year public universities for the entering fall cohorts of 2006 and 2007 who enrolled full-time in their junior year, filed a FAFSA in the junior year, and are not missing ACT scores or parental income. Demographics include controls for gender, race, and in-state residency. Standard errors are clustered at the institution level. discontinuous across the threshold, then students should be randomly distributed around the threshold. This implies that the addition of covariates should not change the observed effect of the discontinuity. Although the inclusion of covariates tends to slightly reduce the point estimates, this is most likely due to noise. The estimates remain small, and the changes in the point estimates across models in absolute terms are very small. Collectively, the results suggest that there is no discontinuity in the propensity to select a STEM major upon junior enrollment around the EFC threshold for eligibility for the SMART Grant. The standard errors for estimated treatment effects are many times larger than the point estimates, so it is interesting to consider the range of plausible values of the treatment effect. Panel A of table 4 displays the point estimates, standard errors, and 95 percent confidence intervals of the treatment effect for models 1-5. The 95 percent confidence intervals show that plausible treatment effects range from eligible students being about 2.5 percentage points less likely to choose a STEM major to 2.5 percentage points more likely. These results rule out any large effects of the program. Because the parametric regression model estimates are potentially sensitive to functional form specification, I also implement a cubic model as a robustness check. Table 4 reports in panel B the point estimates, standard errors, and 95 percent confidence intervals for the treatment coefficient for the cubic regression models. Although the point estimates for the cubic regressions are larger in magnitude than the linear regressions, in each case, the point estimate remains small and insignificant. The standard errors in the cubic regression are greater than those from the linear regression, however, so the estimates are less precise.
Nonparametric Regression Analysis
Using observations with very high and low EFCs to predict the outcome at the threshold may introduce unnecessary bias to the estimation procedure. If the chosen functional form is inaccurate, the estimated points at the threshold from the left and the right will be incorrect, resulting in a biased treatment effect. Therefore, I use a nonparametric approach to check the sensitivity of my results. In practice, I use local linear regression on a bandwidth of data around the eligibility cutoff and implement a cross-validation procedure to choose the optimal bandwidth. This procedure eliminates any bias caused by points very far from the eligibility threshold by estimating a linear regression using only points closer to the threshold, but it imposes a linear functional form. Panel C of table 4 presents the results of this analysis using a bandwidth of $2,500 on either side of the eligibility threshold. 6 As demonstrated in table 5, results are robust to bandwidth selection: The point estimate is negative for every bandwidth above $100, and the result is statistically indistinguishable from zero.
The estimated treatment effect using local linear regression at the optimal bandwidth is approximately −3 percentage points, although the result is statistically 6. I use a range of 5 percent of the data on either side of the discontinuity to estimate the optimal bandwidth, although using 10 percent and 25 percent of the data provide similar results.
indistinguishable from zero due to the high standard error caused by the smaller sample size near the threshold. The nonparametric estimation technique confirms what the graphical analysis suggests and linear parametric regression results show: The program likely had a negative or null effect, and positive effects larger than 2.77 percentage points can be ruled out. Eligibility for the SMART Grant does not increase the probability of a student choosing a STEM major in his junior year of college enrollment.
Persistence in STEM Major
There does not appear to be a positive effect of financial incentives on major selection at junior year enrollment, although it is possible the financial incentives encourage students who are initially interested in a STEM major to persist within that major. Many students leave STEM fields to pursue other avenues, such as business or social sciences (Bettinger 2010) , but perhaps the financial incentive keeps eligible students engaged in a STEM major in their junior year. I estimate the causal effect of the financial incentive on persistence within STEM majors by replicating the above analysis with one additional sample restriction. As in the above analysis, the sample only includes students who began college in 2006 or 2007 and persisted to the junior year, such that junior year major choice is observed. The additional restriction is that the sample only includes students who choose a STEM major when they initially enroll in college. Any observed difference in the likelihood of being a STEM major at the threshold in the junior year serves as an estimated treatment effect on the subpopulation initially interested in STEM fields. This analysis begins with the subset of 2006 and 2007 entrants who initially choose a STEM major. It then examines whether eligibility for the $4,000 grant in the junior and senior years improves the probability of still being enrolled in a science major at the beginning of the junior year.
I consider concerns regarding manipulation of the forcing variables. Because eligibility in the junior year is conditional on both an EFC and GPA cutoff, I examine both thresholds. As shown in figures 4 and 5, neither forcing variable exhibits evidence of manipulation, therefore, both forcing variables can be used in the data analysis.
As discussed in the empirical strategy section, I estimate the effect of simultaneously being eligible on both the EFC and GPA criteria. I fit a linear regression using all of the available data instead of limiting the analysis to a bandwidth around the thresholds. 7 The interaction of eligibility on the EFC and GPA measures is the coefficient of interest and is reported in table 6 for several different specifications. This coefficient estimates the effect of being eligible on both measures over and above the impact of being eligible on just one of the criteria. The estimated result using the full model including covariates and institutional dummies is −0.012 with a standard error of 0.0876. Consistent with the previous findings, the point estimate is close to zero, indicating that the effect of eligibility for the SMART Grant does not improve the likelihood of students persisting in a STEM major if they initially choose a STEM major upon matriculation.
7. Because of the number of coefficients estimated and conditioning on initial STEM major selection and persistence to the junior year, the standard errors are already very high. Further limiting the bandwidth around both thresholds results in extremely imprecise estimates.
Note:
The density test reports density within a $2,000 range on either side of the centered threshold conditional on meeting the GPA forcing variable threshold (GPA ≥ 3.0). Bin size is $45. Note: The density test reports density within a 0.5 GPA point range on either side of the centered threshold, conditional on meeting the EFC forcing variable threshold (which is $4,041 for juniors in 2008 and $4,617 in 2009). Bin size is 0.01 grade points. Notes: The dependent variable is selecting a SMART Grant-eligible major at junior-year enrollment. Results are regression discontinuity models using both the GPA discontinuity of 3.0 and the EFC discontinuity of $4,041 for juniors in 2008 and $4,617 in 2009, using a linear probability model for all juniors who initially selected a SMART Grant-eligible major in their freshmen year among all first-time freshmen at the 13 main branch campuses of Ohio four-year public universities for the entering fall cohorts of 2006 and 2007. It only includes students who enrolled full-time and filed a FAFSA in the junior year and are not missing ACT scores or parental income. Demographics include controls for gender, race, and in-state residency. Standard errors are clustered at the institution level.
Unfortunately, the measure is very imprecise as the standard error has ballooned to about seven times the point estimate. Only slightly more than 5,000 students who began with a STEM major in their first year of college maintained enrollment and filed a FAFSA in their junior year, which severely limits the sample size. Additionally, the covariates explain less of the variation in STEM major selection in the junior year among students who initially selected a STEM major, and the estimation procedures estimate additional parameters resulting in fewer degrees of freedom, which also increases the standard error. Despite these flaws, the results do not provide evidence that financial incentives encouraged students who initially began with a STEM major to persist in their STEM intentions.
DISCUSSION AND EXTENSIONS
The results provide fairly clear support that financial incentives in the junior year do not encourage students at the threshold of eligibility to study STEM fields in higher education. This null result is somewhat unexpected in the context of financial aid literature. Although positive impact estimates for the Pell Grant program are difficult to find (Kane 1995) , the field has developed consensus that $1,000 of financial aid increases college enrollment probabilities by 3 to 4 percentage points (Deming and Dynarski 2010) . The impact of financial aid on college persistence has also garnered attention. In two papers, Bettinger (2004 Bettinger ( , 2015 finds that Pell Grants likely improve persistence and that a $750 increase in state grant aid decreased dropout rates by 2 percentage points. Castleman and Long (2013) focus on degree receipt and use regression discontinuity to estimate that $1,000 in grant aid increases the chance of obtaining a degree by 4.6 percentage points. At least one other study, however, finds a null effect of financial aid: GoldrickRab et al. (2011) find neither an enrollment nor a persistence effect in a randomized experiment of providing need-based financial aid to students. Given the predominantly positive results from prior literature, it may be surprising that $4,000 in grant aid is not enough to shift at least some students into studying a STEM field among a low-income population. There are several possible explanations for this result that are worth exploring. One commonly cited reason why studies of Pell Grants have failed to produce similar results to other aid programs is that applying for the aid is difficult because of the complex nature of the FAFSA (Bettinger et al. 2012) . That argument does not apply to the findings in this study because it is limited only to students who have already filed a FAFSA.
As noted above, there is the potential for the interplay of other forms of financial aid at the eligibility threshold for the SMART Grant because students also receive a small amount of Pell Grant. If several hundred dollars of Pell Grant has a positive effect on majoring in STEM, it would make detecting an effect more likely. If the Pell Grant has a negative effect on choosing a STEM major, it would counter the presumed positive effect of the financial incentive and could partly explain the null findings.
Although any effect of Pell Grant on major choice is absent in the literature, several studies have investigated the relationship between other forms of financial aid and major choice with varying results. Rothstein and Rouse (2011) investigate the impact of student loans on major choice and demonstrate that debt shifts students toward "employment" majors, such as economics and engineering, at one highly selective university. Their findings imply that grant aid would shift students away from STEM fields, a finding that is directly tested by Sjoquist and Winters (2015) using an interrupted time series strategy to investigate the effects of the Georgia HOPE scholarship on STEM major choice. They find that that the HOPE scholarship, which covers in-state tuition at public institutions, reduces the probability of completing a STEM major by 2.5 percentage points. One plausible explanation for this effect is that a minimum GPA is required to maintain the scholarship, thus inducing students to switch out of STEM majors (which have lower average GPAs). In contrast to the negative effect of grant aid on STEM major selection, DesJardins and McCall (2014) use regression discontinuity to show that receiving an average of $8,000 to $11,000 of grant aid for Gates Millennium Scholarship recipients has no effect on major choice.
Without observing other forms of aid receipt, it is difficult to know exactly how financial aid that is not conditional on major choice would interplay with grant aid that is conditional on major choice within this dataset. Although Ohio does not have an extensive merit aid program like Georgia, perhaps the SMART Grant is countering other forms of grant aid that are deterring students from majoring in STEM either because of reduced need to choose an "employment major" or to maintain a certain GPA such that the net effect is zero. For this rationale to explain the null findings, the receipt or effect of other sources of aid would also have to be discontinuous across the threshold for SMART Grant eligibility. Although I cannot test this in the Ohio dataset, it is possible to do so in nationally representative data using the National Postsecondary Student Aid Study in 2007-08 (NPSAS:08) .
By implementing regression discontinuity and regression kink designs using NPSAS:08, Turner (2014) provides evidence that other forms of grant aid are discontinuous across the EFC threshold. She demonstrates that Pell Grants can supplant institutional grant aid. If students know, or suspect, that this practice occurs for the SMART Grant, it would reduce the financial incentive of the grant. Tuner shows empirically that this practice is less likely to reduce overall aid at public institutions (the pertinent sample in my dataset) because of the countervailing force of giving students more institutional aid in order to attract Pell recipients to the institution. The net effect of these aid shifts is only on the order of a few hundred dollars at public institutions, which suggests that the large $4,000 incentive of the SMART Grant would not be meaningfully affected.
I replicate part of Turner's analysis using NPSAS:08 but restrict the sample to those eligible for the SMART Grant (juniors and seniors who are U.S. citizens enrolled fulltime with GPAs greater than or equal to 3.0). The regression discontinuity analysis shows that, at public institutions, the effect on institutional grant aid of being just eligible at the EFC threshold is only $86, which is not statistically significant. There is, however, a positive effect on state grant aid of approximately $700. Instead of the Pell and SMART Grants supplanting other forms of grant aid, it appears these students are more likely to receive slightly higher aid amounts. The effects remain small relative to the $4,000 incentive of the SMART Grant, which we would expect to dominate, so this explanation does not fully explain the null findings.
Another potential explanation for the null findings is the need for early preparation for science degrees. By the time a student reaches the junior year and determines that he is eligible for the program, it is likely too late to switch into a STEM major because of the extensive prerequisites of most STEM degrees. Undertaking those prerequisites and completing the STEM major would likely extend the time to degree, radically diluting the value of the incentive.
This analysis highlights two poor design features of the SMART Grant program. First, because of the lengthy preparation required for STEM majors, starting prerequisite coursework early is essential. Yet the financial incentive only exists two years after full-time students begin their coursework. A better program design would provide a financial incentive in the first two years so that students can immediately benefit by enrolling in STEM coursework. To the extent that students have high discount rates, the financial incentive two years away will be a weak motivation to take action when they initially enroll.
Second, this problem is compounded by the varying eligibility requirements thanks to changes in EFC and the changing EFC eligibility threshold. Potentially, some lowincome students would, upon initial enrollment, be motivated to choose a STEM major because of the $4,000 incentive that they would receive in two years. However, many of those students would likely misestimate their future eligibility if they based their predicted eligibility on their first-year EFC. Not only do EFCs change annually due to shifts in parental and student income and family situation, but the threshold for eligibility also changes based on Congressional appropriations. For students close to the threshold of eligibility, it is likely impossible to predict eligibility two years in the future.
An empirical example is illustrative: If the junior year eligibility criteria were applied to the 2006 and 2007 cohorts' freshmen year EFC, then 1,656 students who eventually persisted to the junior year would have been eligible within $1,000 of the EFC cutoff. Forty-six percent of those students were no longer eligible when they actually reached their junior year. It's close to a fifty-fifty proposition for students initially close to the eligibility threshold as to whether they will be eligible two years later.
8 These changing eligibility criteria substantially weaken the financial incentive's power to shift students 8. A more formal regression discontinuity analysis using freshman year EFC as a forcing variable and junior year eligibility as the dependent variable confirms there is no discontinuity in junior eligibility around the eligibility threshold in the freshman year at bandwidths close to the threshold. Results available from the author upon request.
into studying STEM fields. If the program was designed to provide an early incentive that can be realized at college entry, it might induce some students to prepare for a science major at the beginning of college, thereby leading to an increase in STEM degrees. An additional explanation of the findings is that students might not be aware that the program exists. Zafar's (2011) work indicates that students will respond to new information and adjust their expectations, but if the information never reaches them, they have no reason to adjust their major based on a potential large improvement in their financial aid award. The extent to which students were aware of the SMART Grant is an open question. During the first year of the program, the U.S. Department of Education sent e-mail and snail mail notifications to students who, based on their financial aid application, appeared eligible on the nonacademic requirements for the ACG and/or SMART Grants (Choy et al. 2012) . Such notifications do not appear to have been sent during subsequent years. Instead, the Department of Education relied on outreach efforts from states and institutions to include information about the grant in their financial aid materials. Institutions varied in their efforts to promote the program and conduct outreach to students to increase awareness, but there is concern that many students were unaware of the program (Choy, Lee, and Topper 2012) .
A policy report on the status of the SMART Grant program uses student interviews from NPSAS:08 to show that only 5 percent of low-income college juniors and seniors indicated familiarity with the SMART Grant program (Choy et al. 2011) . On the surface this seems an extremely low percentage but it does not account for the fact that only a subset of low-income students have eligible GPAs and will consider STEM fields, so the proportion of truly eligible students aware of the program may be much higher. Accounting for these additional qualifications, my own analysis using NPSAS:08 reveals that over 35 percent of qualified students were aware of the program. Although that is seven times larger than among all low-income juniors and seniors, the lack of program awareness could be a substantial explanation for why the program had no effect near the threshold for eligibility. This conclusion speaks to the poor program design and implementation as opposed to students not actually being motivated by financial incentives.
A final potential explanation for the findings is that the grant is actually quite small compared with the lifetime earnings of STEM graduates. The average annual income of science majors with only a bachelor's degree was $66,750 in 2010 compared with non-science majors with only a bachelor's degree who earned, on average, $55,333 (Carnevale, Cheah, and Strohl 2012) . The $8,000 in total financial incentive over the junior and senior years is dwarfed by the greater than $10,000 difference in annual incomes between these two groups. If the earnings differential over a lifetime of earnings is not enough to motivate students to select a STEM major, it is unlikely that the additional SMART Grant money can induce them to change their behavior unless their discount rates are exceptionally high.
This interpretation suggests that some other factor may deter students from pursuing science fields despite the financial reward. The most likely explanation is ability. Arcidiacono (2004) considers the sorting of high-ability college students into majors and finds that high ability students are more likely to sort into STEM fields. He attributes this phenomenon to student preference for STEM fields over the competing explanation of a desire for high earnings because he finds that high math ability students have greater earnings across all majors. Combined with Stinebrickner and Stinebrickner's (2011) results showing that students select out of science majors because of poor academic performance, a clear pattern emerges that ability and academic performance are the factors driving STEM major selection.
I investigate whether the grant impacts high-ability students in my sample by fitting the regression discontinuity model for junior year enrollment with an interaction for ACT math score. I do not find any effect. This result implies higher-ability students are not moving into STEM fields as a result of the grant, although many of those students are already enrolled in STEM majors. It is still likely that many students with inadequate academic preparation are interested in science but avoid STEM majors for fear of poor academic performance.
There is an important policy implication if ability and academic performance are the leading factors deterring students from STEM majors. Investing in mathematics and scientific preparation before college, and quality teaching and academic support during college, may have a greater payoff than providing financial incentives to students who are not able to maintain a STEM major even if they want to.
It is also possible that the sample in this study, four-year public colleges in Ohio, is not representative of the broader population. Ohio is a fairly typical state demographically, but it is possible the effect of the program at private colleges is different. Still, twothirds of all SMART Grant recipients nationally attend four-year public institutions, so these results suggest the program is not having an impact on a large majority of students receiving the funds.
Regression discontinuity imposes a few other limitations. Because the threshold for eligibility of the SMART Grant is dependent on EFC, the results are only applicable for financial aid applicants. It seems unlikely, however, that providing financial incentives to upper income students would have a larger impact on major selection than for lower income students. The major disadvantage of the regression discontinuity method is that it relies only on variation occurring around the threshold to estimate a treatment effect; hence, the estimates are only causal for students close to the threshold. Although the estimates apply to low-income students who are marginally eligible for Pell Grants, I cannot estimate the impact of financial incentives on the very poorest students who have an EFC of $0. It is possible that the impact of the financial incentive is larger for those students; those students are already receiving over $4,000 in Pell Grant awards, however, so the additional financial incentive might have less impact.
Interestingly, the SMART Grant program ended in 2011. As no causal estimate of the impact of the program existed before now, this decision was not based on evidence. Discussions with policy makers involved in federal financial aid policy lead me to conclude that the program was ended for three reasons. The first is predominately political. The program was established under President George W. Bush, and the Obama administration was interested in implementing its own policies. Second, many financial aid administrators complained about the additional requirements imposed upon them to check eligibility requirements. Finally, there were some (very valid) concerns over the design of the program and discussions are ongoing to determine if a more effective design could be implemented.
It is also interesting to consider how this program compares with other similar federal initiatives designed to increase the STEM workforce. The National Science Foundation's (NSF's) Graduate Research Fellowship and NSF's Scholarships in STEM are two such programs. Although we do not have good causal evidence on the effect of either program, we do have some evidence of their efficacy.
In an analysis of over fifty years of data on the NSF Graduate Research Fellowship applicants and recipients, Freeman, Chang, and Chiang (2009) find that graduate students are responsive to the size of the grant and conclude that the fellowship does encourage top academic students to continue studying STEM fields. Although these results are based on a large amount of data, they are neither causal nor necessarily applicable to other STEM-based scholarship programs, especially at the undergraduate level. Still, it is plausible that by increasing the size of the SMART Grant award, students would be more responsive.
The NSF Scholarships in STEM program provides grants directly to institutions to distribute to needy students studying science at all levels. The investment of $50 to $70 million annually is only a fraction of the $200 million spent annually on the SMART Grant, but the scholarships may be better targeted to students who are actually going to pursue STEM degrees and careers. The downside of both of these NSF investments is that neither may serve to actually increase interest in STEM majors at the undergraduate level.
CONCLUSION
This paper uses regression discontinuity on student-level longitudinal administrative data to estimate the treatment effect of a $4,000 financial incentive in the junior and senior years of college on STEM major choice. The treatment effect estimates are close to zero and are robust to functional form for parametric estimation techniques and bandwidth selection for local linear regression. The estimates rule out positive effects of the program larger than about 2.5 percentage points. Not only does the SMART Grant program not encourage students to choose a STEM field at junior year enrollment, but the financial aid does not appear to encourage students who initially select a STEM field to persist in that major at higher rates than ineligible students (although the sample size for this estimate is small, resulting in imprecise measurements).
The U.S. federal government spends $60 billion annually on science research, and this investment is justified largely in terms of the economic benefits basic and applied research generates to keep our economy competitive in the global marketplace (Saha and Weinberg 2010) . The success of this investment inherently rests on the labor supply of human capital capable of conducting and consuming scientific research. If we are to enhance the number of domestically produced STEM majors entering the national labor market, we must find more effective methods of encouraging STEM major selection and persistence in our institutions of higher education. Better targeted financial incentives may induce students to prepare for STEM fields but investments in improving academic preparation in math and science at the secondary level may lead to even better outcomes. ACKNOWLEDGMENTS I am grateful to Eric Bettinger, Caroline Hoxby, and two anonymous referees for their excellent and insightful comments. I also received helpful comments from seminar participants at the Center for Education Policy Analysis at Stanford University and the Association for Education Finance and Policy annual meeting. I wish to thank Andy Lechler at the Ohio Board of Regents for assistance with the data and Chris Marsicano for his assistance with the NPSAS analysis. Funding from the Institute of Education Sciences (IES) grant #R305B090016 made this research possible, but the findings and conclusions are my own and not approved by IES or the U.S. Department of Education.
